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Abstract: This paper describes an ontological attempt in the understanding of codesign activity in the wild within the context of service innovation. The research has
an aim to analyse the transformation of ideas during co-design by examining informal
data from a workshop that inspired villagers in Turkey to innovate collaboratively.
Contrary to the often process-oriented analysis of co-design activity, the workshop
facilitates designing by envisioning and enacting participants’ collective imagery in
physical forms in an iterative cycle of deconstruction, construction and
reconstruction. We report an understanding of the ontology established to describe
and analyse the informal data collected from the physical forms of collective imagery.
A machine learning approach is used to underpin assumptions made in the
understanding of the activity based on the ontology. The analysis suggests the
frequency and relevancy of ideas significantly influenced the possibility that an idea
will become part of a design solution. An evaluation of the machine learning analysis
delivers insights into the understanding of data collected during co-design in the wild.
Keywords: Co-Design, Design Ontology, Service innovation, Machine Learning.

Co-Design with Communities
Design researchers often face challenges when directly engaging communities to
collaboratively innovate for positive societal transformation. This is especially marked in
large scale design problems such as policy-making and urban planning (Fuad-Luke 2013;
Manzini 2013), since these design problems are often undefined and not immediately
evidential. The difficulty lies in devising creative tools that can facilitate communities to
consolidate individual mind sets by visualising and enacting these cross-disciplinary and
cross-cultural social problems, values and economics. Crucially, design for social problems is
different from the conventional design process. It presents a paradoxical wicked problem
where “we cannot think about solutions until we understand the problem” and “we cannot
This work is licensed under a Creative Commons Attribution-Non Commercial 4.0
International License.
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understand a problem until we think about solutions” (Wendt 2015). While Kees Dorst
(2001) identified this as the co-evolution of problem and solution, service innovation has
gained its popularity as a system-oriented design methodology able to bring rich contextual
understanding of wicked and complex design problems to a holistic solution (Sangiorgi
2009). Seeing village regeneration as a service for the rural communities allows the research
to inspire design goals addressing sustainability in elevating poverty, in addition to the more
conventional goals of simply fulfilling users’ functional needs.
The intersection of service innovation and co-design potentially offers most potential in
understanding the complex structure of design space where everybody can design (Manzini
and Coad 2015). Both branches of design research have respectively called for research
communities to establish a framework for co-design tools and processes that is possible to
be evaluated for its impact as future research direction (Meroni and Sangiorgi 2012;
Sanders, Brandt and Binder 2010). These views inform this study, which concerns practicebased research on a co-design framework to guide the design of tools and processes to
facilitate service innovation directly with any communities.

Co-Design with Collective Imagery
Co-Design, with communities of diverse cultures and cognitive styles and creative processes
implicates further thought on the epistemological issues in the practice of design and an
understanding of creativity (Chueng-Nainby 2010). When dealing with multiple
representations of the complex activity of co-design with communities, the notion of
ontology, in the context of computing and philosophy, can be a useful conceptual model to
offer a new paradigm in our understanding of design and creativity. Contrary to lab-based
experimentation, the study of the ontology of co-design requires a practice-led approach to
visualise, construct and analyse the shared design space in order to find patterns as evidence
for a structure. To do so, we have designed and experimented with co-design tools and
processes adopting the “collective imagery” framework to enact and envision with
community engagements through an embodied analogic installation of creative space in a
complex network form, externalised using physical material (Figure 1).

Collective imagery framework
The collective imagery framework draws inspirations from the notions of creative imagery
(Finke 1996), autopoeisis (Maturana and Varela 1980) and the embodied mind (Varela, Rosh
and Thompson 1992). It has evolved from practice-based research; which extends the notion
of creative imagery to collaborative settings. The framework has been employed to
investigate various cross-disciplinary products, systems, and service designs for healthcare,
tourism and rural development in both the private and public sector (Chueng-Nainby 2014;
Chueng-Nainby, Fassi and Xiao 2014; Chueng-Nainby and Gong 2013; Chueng-Nainby, Lin
and Hu 2015; Mulder-Nijkamp and Chueng-Nainby 2015; Preez, et al 2015).
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Figure 1 Various installations of Collective Imagery Weave

Finke’s (1995) Geneplore model highlighted pre-inventive structures of creative imagery,
and takes advantage of the structural connectedness of ideas for the emergence and
restructuring of creative concepts. With this, co-design works through the externalization
and sharing of individual creative imagery, to achieve collective creativity. It is a conceptual
structure of design elements that mediates communities’ shared design space, in which
connections of ideas are made possible through the spatial and narrative activities of
deconstruction, construction and reconstruction. Conceptual structuring begins with
connections of two elements (facts or possibilities, however partial), which are also
connected into facets to form a coherent structure. This system, if orientated to a design
context, offers a conceptual structure of a design solution. Two types of structures have
been investigated: 1) a system of connections which gives rise to clusters as concepts; and 2)
a conceptual structure constructed from narratives connected into stories of design
concepts. A story is a system (sequential or not) of interconnected narratives, seen as an
abductive way of linking elements. Two tools are generally implemented as interventions: 1)
a collective imagery weave, which is a physical form of collective imagery, and 2) drama
improvisation, which is an experiential form of collective imagery.

The Research: An Ontological Analysis of Collective Imagery
This research aims to explore the conceptual structure of collective Imagery during codesign, in particular how ideas are constructed into design in a collective setting. The ideas
raised during the activity imply particular concepts relating to the design problem, the
nature of possible solutions and contextual issues. To do so, we investigate the abstract
relational structure implied by these concepts, commonly known in informational sciences
and Informatics as the ontology implied by the concepts. Ontology, also the philosophical
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concept of “what there is”, is an attempt to capture the basic types of objects, properties
and relationships assumed to exist in some domain. We are seeking a way to identify
ontological structure by analysing the construct of collective imagery from the practice of codesign. We see ontology as an artefact (the analogic installation) that can be created by
communities to co-construct their collective imagery. As the data collected are often vast for
manual analysis, this paper reports our first study that uses machine learning to analyse the
often informal and thick data collected from the insights-driven analogic installation. Any
understanding of the structure could inform the design of distributed networks of products
and services that can empower communities to co-design data-driven informed solution.

Case Study: Village Regeneration at Gokceada Island

Figure 2 Collective imagery activities. First row from left to right: Day-1 session 1, 2, 3 and 4. Second
row from left to right: Day-3 session 1, 2, 3 and 4 (Table 1)

This study took place at Eselek village on Gokceada Island in Turkey. It forms one of the four
design workshops (Food, Craft, Architecture, Service) held as the 2015 ten days
Regeneration event organised by Istanbul Institute of Design. Ten tutors and students
collaborated with local communities and authorities to identify design solutions to be
realised as future business opportunities to elevate poverty. Out of the ten days event, codesign sessions ran effectively for five days. The workshop was carried out with the aim to
support a self-producing creative activity that forms an autopoietic system, where elements
emerge from within the system itself (Iba 2010). Hence it was run without any prescribed
plan or targets, apart from a goal to construct an analogic installation of collective imagery
facilitated by tools which allow easy iteration if necessary.
With guidance from tutors within the collective imagery framework, participants went
through deconstruction, construction, and reconstruction stages with the help of co-design
tools such as tags, sticks, threads, coloured paper, photo printers and boards (Figure 2).
Table 1 summarises the workshop activities and Figure 2 shows visuals of the activities.
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During the first two days, tutors invited local villagers and authorities to collaborate in
exploring the ideas of service through thinking of any element which led to the three big
themes of the service area they wanted to work on: these were “organic farming”,
“accommodation”, and “social-interaction space”. From the third day, the workshops were
spent reconstructing solutions collaboratively with the help of collective imagery tools,
boards, and drama.
Table 1 Workshop activities
Day Session Co-Design Tool

Topic

1

2

3

4

5

1

Fieldwork and discussion

Tour the village to interview locals

2

Imagery tags

Generate elements related to the village

3

Narrative Sticks

Making narratives from generated elements

4

Collective weave

Construct conceptual structure from narrative sticks

1

Interview with tags

Understanding context with locals

2

Imagery tags

Generate the elements contributed to the challenges

3

Collective weave

Reconstruct possible solution from session 2

1

Imagery tags

Reconstruct the ideas of service from Day 2

2

Presentation / tags collective

Seeking new ideas from session 1

3

Skit improvisation

Understanding new ideas from session 2

4

Group skit improvisation

Finding gaps between ideas from session 3

1

Imagery tags

Reconstruct element from Day-3

2

Collective imagery board

Reconstruct idea collaboratively with locals

3

Personal design tools

Realising the suitable ideas from session 2 results

1

Personal design tools

Reconstruct concepts from Day-4

Predicting momentary elements during co-design
We seek to analyse the constructs (elements) of the co-design outcomes and characterise
their structure and relationships. Luhmann (1986, p.172-192) argued that the element in an
autopoietic system is momentary, and will vanish once realised and replaced by a successive
element. A good account of the co-design system will “predict” which of the elements that
are present in the early stages of the process will survive. In doing this, it will capture
something about the nature and relations of those elements that are seen to be part of a
potential solution to the design problem(s). To do so, we adopt the fourfold design output
model by Salvatore and Gerald (1995) to depict the constructive nature of the co-design
activity: “construct, model, method and instantiation”. We first describe constructs
(elements) and later create models to express and connect the elements. The models in this
paper also appeal to tools and technologies, in the form of elements, which could help in
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solving problems; or in the form of narratives. The method is the algorithm used to solve the
problem, based on predefined constructs. Methods can be generated from and be bound to
particular domains (spaces of constructs and relative models). On the other hand, the desire
to use particular kinds of methods will influence the constructing and modelling. The last
output (instantiation) is the realization of methods in a designed environment. Each
instantiation provides a working artefact that operationalizes constructs, models, and
methods; as well as demonstrates their feasibilities and effectiveness.
In the first (deconstruction) stage of the workshop, the tags are derived, which are regarded
as the fundamental elements of the creative space: the constructs. In the second
(reconstruction) stage, the narrative process develops relationships and connections
between the initial constructs, resulting in a model. The method emerges in the co-creation
of more integrated stories from the diverse narratives in the third (construction) stage. For
present purposes, we do not consider the final instantiation of the creative outcome.

Analysing the Informatics
Figure 3 shows the analogic installation of three design themes. Each tag represents the
element, each stick is a narrative, and each structure is a model. We capture photos of each
tag as the element (construct) and apply machine learning techniques to develop the
predictions of their survival. The constructs are characterised through higher-level
“features” that they share in virtue of their relationships to each other and the workshop
process in which they appear. There are two iterations (generations, as identified above) of
the workshop process before the design result is produced; there are 17 features altogether.
Abbreviation CS1 will be used for Construct Size of Generation 1, CS2 for Generation 2, etc.

Figure 3 Physical models of three emerged design themes

Digitising the features
To make the data available for computer analysis, we apply the machine learning software
Weka (Hall, et al 2009) to analyse the features in Table 2. Most features are given a numeric
value; a few features, such as “showing up in the result”, will be given a Boolean value. In
the case of this workshop, the informal data existed in multiple forms. Clearly, there is no
objective way to interpret the data because different people have different concept
hierarchies and cognitive styles. Even though “Co-design” could minimize the influence of
different concept hierarchies and cognitive styles by combining ideas together, the existing
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forms of these ideas are still informal. Therefore, interpretation for each idea is needed. The
way of interpreting the informal data should respect the situation where the data will be
used. Much as Wand and Weber create ontologies and build models based on ontologies to
describe the features of information systems independent of the system uses and
technologies (Wand and Weber 1998, 1990), an appropriate ontology should be created to
interpret the informal data emerging from this workshop. We require to categorise the raw,
informal data. Before creating the ontology, we need to figure out what kinds of data we are
facing and what is the goal of expressing the data.
Table 2 Features of the constructs
Features

Descriptions

Construct Size (CS).

The size of weaving story construct

Frequency in Generation (FG)

Frequency of elements in one generation

Narratives Counts (NC)

The numbers of narratives in which the elements have shown up

Max Frequency (MaxF).

The max frequency that the elements showed up in one narrative

Average Frequency (AF)

The average frequency that the elements showed up in one narrative

Max Neighbour (MaxN).

The max neighbour numbers of an element in one narrative

Min Neighbour (MinN).

The min neighbour numbers of an element in one narrative

Average Neighbour (AN).

The average neighbour numbers of an element in one narrative

Frequency in Result (FS).

The frequency of elements that showed up in the design result

Unifying informal wild data/elements
We are given the elements emerging from a creative space. Since this is a co-design
workshop, multiple participants with different backgrounds contributed to the common
creative space, with their own understandings of the design tasks, and different habits of
language use. We need to find a way to unify the differences, if they are talking about the
same idea but in different forms. One prefers to use accurate words in tags; another prefers
to use fuzzy ideas, while another uses drawing instead of writing. Non-linguistic elements
are an unusual variation that needs to be unified. In some sessions, some participants used
drawings to represent their ideas and designs. Luckily, drawings are always accompanied by
other elements. So we can express drawing with respect to the neighbour elements.
Generally, we should respect context within the narratives and consider the basic village
facts when unifying the wild elements. The unified elements will be called an instance.
The first problem is unifying their wordings. For instance, someone presents an element
“Hostel” and another says “Hotel”. What should we do with this case if the design result
suggests “need more villas for tourists”? Which element survived the process and finally
contributed to the result? In fact, we know that there is no hotel or hostel in this village, and
so we can more simply assume that “Hotel” and “Hostel” are both talking about
“Accommodation”, even though neither of these two elements uses the exact word. We
unify the ideas according to the topic they are discussing. Therefore, “Hotel Service” is a
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suitable word to replace “Hotel”, “Hostel”, “Mansion” and other ideas talking about the
hotel industry or similar accommodation. A further simplification arises from neglecting
adjectives.

Data Processing
The ontology produced above is just unifying the raw data. If the data did not make sense in
the first place, the ontology cannot handle it. In machine learning, one needs also to filter
isolated instances such as outliers, to reduce noise and raise the accuracy.
Table 3 Instances and Elements
Activities
Activities

Bicycle road

Bicycle

Camping place

Climbing

Enjoy sunshine

Fun activity

Fun activity

Watching sunset

Hot air balloon

Hot air balloon

Hot air balloon

Mount
climbing

Rent a bike

Riding bike

Tours

Sightseeing

Tent

Hiking

TV program

Popular village

Paper

Advertisement

Water

Live stock

Cat

Sheep

Sheep farming behind the road

Undersea fish

Animals

Cow

Goats

Negative effects of animals

No goats in
village

No sheep in village

Advertisement
Advertisement
Animal

Beach Activities
Boating

Kite surfing

Kite board

Beach sun
umbrella

Caravan and tent area

Camp area on
beach

Toilet plus water
for caravans

Beach
activities

Beach and touch

Diving

Kite Surf

Kite surfing
tourism

Kite

Beach BBQ

Beach sun day

Surf

Sunset on beach

Surfing skate

Beach activities
(Swimming)

Tide surf

Wind surf

Tents area

Table 4 A Sample of frequency statistic for the accommodation theme
Elements

CS1

FG1

NC1

MaxF1

AF1

MaxN1

MinN1

AN1

Bazar

7

2

2

1

1

9

5

7

Garbage Collecting

7

1

1

1

1

9

9

9

Social Space

7

7

4

3

1.75

9

5

7

Village Identity

7

7

4

3

1.75

11

5

8.25

Hotel service

7

5

3

3

1.667

11

3

7.667

Countryside Tourism

7

5

4

2

1.25

11

6

8.5
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Nature environment

7

2

2

1

1

6

8

7

Tourism service

7

4

3

2

1.333

11

6

8.667

Tourists

7

2

2

1

1

11

9

10

Landscape

7

2

1

2

2

9

9

9

Transportation

7

2

2

1

1

9

6

7.5

Activities

7

3

1

3

3

9

9

9

Environment protecting

7

2

2

1

1

5

3

4

Animal

7

2

2

1

1

11

3

7

Weather and climate

7

2

2

1

1

11

5

8

Crafts

7

1

1

1

1

5

5

5

Organic food

7

2

2

2

1

11

8

9.5

Beach activities

7

1

1

1

1

8

8

8

Alienation

7

1

1

1

1

8

8

8

Web service

0

0

0

0

0

0

0

0

Certificate

0

0

0

0

0

0

0

0

Government policy and
plan

0

0

0

0

0

0

0

0

Relax

0

0

0

0

0

0

0

0

Location

0

0

0

0

0

0

0

0

Military elements

0

0

0

0

0

0

0

0

Migration

0

0

0

0

0

0

0

0

Incomes

0

0

0

0

0

0

0

0

Farming technology

0

0

0

0

0

0

0

0

As a sample of the data, Table 3 shows the unified instance and the original raw elements,
which are assigned to the instance. Repeated elements have been removed. But some raw
elements show up more than once because they may overlap with more than one instance.
The assigning of raw data is based on a judgment of its context meaning. Some participants
contributed elements in Turkish. Table 4 shows a sample of frequency statistics for features
as analysed for the accommodation theme. 28 elements emerged in the process of the
workshop. Even though previous assigning work has unified the raw elements, some
elements are still confusing. So, creating a second data set for a comparison test, the
elements “alienation”, “relax”, “incomes”, “farming technology” were deleted. “Alienation”
and “relax” were singular points, hard to assign to any particular topic, while “incomes” and
“farming technology” were deleted because these two elements never showed up in the
first two generations of the accommodation theme but just came out in the design result.
This might be because participants from other themes influenced the participant, because
these two elements do appear in other theme groups. We can make a general assumption
that elements that are hard to unify could reduce the performance of regression prediction.
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In the theme of organic farming, instances “dream”, “potential” and “farming workshop”
were deleted. In the theme of social interactive space, instances “happy”, “heaven”,
“lonely”, “all”, “sand”, “singularity”, “sustainable tourism scenario” were deleted. It was not
because these instances were confusing or did not make sense, but because these instances
just showed up once in the overall process of the weaving. We can therefore make an
assumption that isolated instances would reduce the performance of regression prediction.
The original dataset will be labelled as dataset 1 while the dataset with instance deletion will
be labelled as dataset 2.

Experiments
Table 5 M5 Method Regression Formula for the Accommodation Theme
Linear Regression Model on dataset 1:

Linear Regression Model on dataset 2:

Frequency in result =
0.4698 * Narratives Counts Generation 1 +
-0.188 * Max Neighbour Generation 1 +
0.9126 * Frequency in Generation 2 +
1.1377 * Narratives Counts Generation 2 +
-1.3745 * Max Frequency in One Narrative Generation 2
+
0.9742 * Average Frequency Overall Narratives
Generation 2 +
-0.4757 * Max Neighbour Generation 2 +
0.1984 * Min Neighbour Generation 2 +
0.7672

Frequency in result =
-1.0052 * Frequency in Generation 1+
1.5279 * Narratives Counts Generation 1 +
1.4371 * Max Frequency in One Narrative
Generation 1 +
-0.2582 * Max Neighbour Generation 1 +
1.4263 * Narratives Counts Generation 2 +
-0.8562

Linear Regression Model (Greedy method) on dataset 1:

Linear Regression Model (Greedy method) on
dataset 2:

Frequency in result =
1.1376 * Frequency in Generation 2 +
-1.0512 * Max Frequency in One Narrative Generation 2
+
0.1674

Frequency in result =
1.1444 * Frequency in Generation 2 +
-1.0232 * Max Frequency in One Narrative
Generation 2 +
0.0603

In machine Learning, different research goals use different models. For the purpose of
figuring out which features are more related to the probability of an element surviving in the
workshop process, the typical regression approach aims to produce a prediction number by
evaluating a formula about the relationship between features and result. The relationship
strength represents how much this feature relates to the result. A weight parameter
applying to the features represents this strength. The weight is what we are looking for,
where the higher the weight the more significant the feature. Table 5 shows the linear
regression formula solved by Weka, and some relevance parameters, for the
Accommodation theme.

978

A Creative Ontological Analysis of Collective Imagery during Co-Design for Service Innovation

There are two methods for solving the formula. The M5 method will delete the feature with
the lowest coefficient then run a new iteration. If the deletion leads to a rise of the Akaike
Information Criterion (AIC) – a criterion for comparing different models with lowest loss of
information – the system will delete the next feature with the lowest coefficient then start a
new iteration until the AIC does not rise. The Greedy method does not select the lowest
coefficient feature. Instead, it randomly selects a feature and checks whether removing it
can raise the AIC. This method repeats until no more features will be deleted.

Discussion
The correlation coefficient (CC) is a measure of how related two variables are. It ranges from
-1 to 1 where 1 means 100% positive correlation, -1 means 100% negative correlation and 0
means totally uncorrelated. Mean absolute error (MAE) is the mean of overall absolute
errors between predicted data and raw data. Root mean squared error (RMSE) is similar to
MAE. Relative absolute error (RAE) and Root relative squared error (RASE) are relative error
between predicted data and raw data. In general, small errors imply a better performance of
linear regression formula.

Comparison between dataset 1 and dataset2
In Table 6 we can see that before deleting the elements “alienation”, “relax”, “incomes” and
“farming technology”, the 0.1058 and 0.0999 CC indicated that the given predicted formulas
performed badly. After deleting those four confusing elements, the CC rose to 0.6351 and
0.6718 respectively. Also, the error parameters MAE, RMSE, RAE and RASE were decreased
about 30%. The raising of CC and decrease of errors confirmed that these hard-to-assign
elements could have a huge influence on the performance of regression prediction. It also
implies that the capacity of unifying ontology affects the performance of the regression
formula.
In the theme of Organic farming, we deleted the instances “dream”, “potential”, “farming
workshop” because these instances just showed once in the process of weaving and did not
show up in the final result. From the experiment statistics we found that, after deleting, the
CC went down from 0.5465 (M5) and 0.5606 (Greedy) to 0.4582 and 0.4926 respectively. But
error parameters were all raised. Moreover, the deletion of theme social interact space also
brought down the CC from 0.273 (M5) and 0.2684 (Greedy) to 0.1993 (M5) and 0.1695
(Greedy) respectively. So the assumption was wrong. Actually these isolated instances did
not reduce the performance. On the contrary, regression prediction accuracy increased
when taking these isolated instances into account, because the machine can learn that these
kinds of isolated instances will not survive in the process.
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Table 6 Relevance Parameters
Regressions

Correlation
coefficient

Mean absolute error

Root mean squared
error

Linear Regression Model (M5
method) on dataset 1

0.1058

1.2167

1.7782

Linear Regression Model (Greedy
method) on dataset 1

0.0999

1.1516

1.7536

Linear Regression Model (M5
method) on dataset 2

0.6351

0.902

1.3679

Linear Regression Model (Greedy
method) on dataset 2

0.6718

0.8413

1.3089

Relative absolute
error

Root relative squared
error

Total Number of
Instances

Linear Regression Model (M5
method) on dataset 1

108.09%

104.80%

28

Linear Regression Model (Greedy
method) on dataset 1

102.30%

103.35%

28

Linear Regression Model (M5
method) on dataset 2

74.02%

76.08%

24

Linear Regression Model (Greedy
method) on dataset 2

69.04%

72.79%

24

Comparison between Individual themes and mixed group
The experiment that combined three themes together achieved the best performance with
0.7694(M5) and 0.7522(Greedy) CC. Why will involving three themes together raise the
performance? We know that the dataset of three themes did not change; it just
accumulated. This accumulation meant that some surviving efforts were enhanced. For
instance, “bazaar” and “village identity” showed up in both theme accommodation and
theme organic farming. These two instances survived in the organic farming weaving but not
in the accommodation weaving. Since we evolved three themes together, the case that
“bazaar” and “village identity” had been abandoned no longer existed, and the related
influence of this case was erased. The collective imagery framework (Chueng-Nainby and
Gong 2013) suggested that this is knowledge dissemination within the creative space. The
knowledge sharing within the creative space played a role in confirming that uncertain
elements will or will not survive in the weave construction process.

Discussion on Co-design process
In the two predicting formulas of the combined group, both methods showed the feature
“Max Frequency in One Narrative of Generation 1” to play the most significant role in
helping elements to survive the process. Why? These features demonstrated the maximum
frequency of the same instances in one single narrative. In the workshop process, a single
participant in the second step contributes each narrative. Each participant selects raw
elements from the creative space to build his/her narratives. The repeated use of the same
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elements in one single narrative could help narrow down the topic. For example, there are
two unified narratives from the workshop. The first one contains elements: Nature
environment, Farming tourism, Activities, Nature environment, Organic food, Organic food,
Organic food, Weather and climate, Organic food, Nature environment and Farming tourism.
It is easy to interpret that this narrative was suggesting how the environment in the
countryside provides the opportunity of organizing farming tourism, doing activities and
gathering organic foods. Also organic food is a “selling point” for farming tourism. While the
second narrative contains: Beach activities, Weather and climate, Organic food, Tourism
service, Countryside tourism, Nature environment, Nature environment, Dream, Tourism
service and garbage collecting, Countryside tourism.
Was this narrative talking about tourism or organic food? Clearly this narrative covered
multiple fields. So it is hard to identify the key of this narrative. One can image that there
will be less possibility that a designer learns from one narrative, if that narrative cannot
express its meaning effectively. Therefore, the designer will not add the elements from that
narrative to the final design result. In contrast, repeating of elements helps in addressing the
topic.
Another two valuable features are “Narrative Counts Generation 1” and “Frequency in
Generation 2” with weights greater than 0.4. This means the more narratives counted in
generation 1 or the greater the frequency of one element in generation 2, the higher
probability that one element can survive. In the weaving process, Generation 1 was the
result of the first day. Even though data from that day was scattered, the large number of
narratives meant a large number of scattered ideas were selected and contributed to
narratives. Each narrative represented one combination of ideas. Large numbers of
narratives meant more combinations were established. More combinations obviously
provided more possibility for the workshop participant to find a solution or to deepen
understanding. While on day 2, participants have the group meeting before doing the
weaving. Other team members and local residents have inspired them. That may have
helped them to point out the problems and to get inspiration. The elements that showed up
in generation 2 can be considered high confidence elements. Therefore, the greater the
frequency of an element, the more confident we may be of it surviving.

Concluding Remarks
In this project, machine learning is used to understand the process of creative design. We
have analysed the process from the “informatics” viewpoint of data modelling and
associative theory. The Collective Imagery framework sets a platform for a creative design
process. The machine learning algorithm learns from every element of the process. It
suggests some features are more relevant to the action of achieving the design result. But
we notice that performance is not always good in all themes.
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Future improvements
The unstable performance may be due to two issues. The first is the ontology we used in
unifying the raw data. Unifying the raw data is necessary to eliminate the ambiguity among
different individuals and fill the gap between real world data and machine interpretable
data. But unifying will directly influence the performance of machine learning. This ontology
unified raw data by classifying it with respect to its context, but will produce different results
for “hotel” and “hostel” depending on whether we keep these separate, unify them as (say)
“hotel”, or replace them by a third term. This is an important issue in designing the ontology.
Similarly, filtering the data before processing, e.g. by pruning outliers, needs to be guided by
an understanding of the meaning of specific items in their context. Meaningless instances
should be filtered, which modifying the unifying ontology may help.

Implications for Co-Design
This paper analysed the co-design process from the viewpoint of informatics modelling and
associative connection. A particular workshop was implemented with the co-design tool
“collective imagery weave”, then a suitable categorizing ontology was introduced to express
the informal, raw data emerging from the weaving process. This enabled machine learning
to analyse the process. Each element was considered as an instance and its features were
exported for the machine to learn. The high frequency of elements in the first phase of
weaving was shown to be helpful as it provides a wider view for designers, while the
accuracy and relevance of elements in phase two are more significant as they could help
design “locking on” the task and generating solutions.
The categorising ontology still needs significant development before this can be seen as a
theory. However, the outcome so far could hold useful implications for a future research
direction for evidential analysis on co-design research, which could inform the new field of
human-like computing. Our immediate challenge is in formalising the data collected from
the wild. We need a clearer way to examine the roles that the frequency, accuracy and
relevance of ideas play in co-design activity in the wild, envisioned and enacted analogically
with communities with the use of collective imagery weave.
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